We have described previously a measure of protein similarity based on a hard ball model of the position of α-carbon atoms in amino acid residues. A genetic algorithm (GA) is used to search the space of possible alignments to identify the maximum possible volume overlap of one protein with another, with the chromosome in this GA using a simple binary encoding scheme. Here, we extend the measure to take account of the secondary structure elements present within a protein, using an elite generational replacement GA, a steady-state GA and a bit-climber; we also consider the use of a Gray coding scheme. Self-recognition and database searching experiments with structures from the Protein Data Bank show that the bit-climber with a Gray code representation gave the best results of the three search methods that were tested.
Introduction
The comparison of 3D protein structures to determine their similarity plays an important role in molecular biology, and several similarity measures have been described for this purpose 1, 2, 3 .
We have recently described a measure that is based on the common volume of two proteins when they are overlapped 4 . In this work, the structures of proteins were modeled by representing each amino acid as a hard ball centered on the acid's α-carbon atom; the proteins were aligned so as to obtain the largest volume overlap; and the similarity was then the ratio of the overlap volume to the volume of the smaller of the two proteins. A genetic algorithm (GA) was used to identify the translations and rotations that gave the optimal value for this ratio. The best results were obtained from a steady-state GA with a population containing 100 chromosomes, a selection pressure of 1.5 and a crossover probability of 40%, and a fitness based on an exponential distance measure function with an exponent of -0.1. The resulting similarity scores are highly correlated to the scores obtained by about half million possible combinations of values for the six degrees of freedom (three rotations and three translations).
This paper proposes a revised similarity score for comparison of protein 3-D structures that again uses an overlap volume based on amino acids but that also takes account of the helix and sheet secondary structure elements (SSEs) in the protein structures that are being compared. This revised score has two advantages: (1) give high scores for similar functional proteins because those proteins generally have same secondary structure and (2) decrease a computation time due to except the calculation of overlap volume of inter different conformations. Graph-theoretic comparison methods based on SSEs have been reported previously 5, 6 but this early work considered helices and strands to be stand-alone vectors that took no account of the numbers or types of amino acid in each SSE. The similarity score proposed here is calculated as the ratio of the sum of overlapped volume of helix amino acid residues and sheet amino acid residues to the volume of the helix and sheet SSEs in the smaller of the two proteins that are being compared.
Methods for comparison of protein structures
Similarity score and fitness function Each protein structure was modeled as a ball shape centered at the α-carbon atom of an amino acid residue. The similarity score S AB of two proteins A and B was defined as the ratio of the overlapped volume of helix and sheet structures to the smaller volume of helix and sheet structures of those proteins, i.e., ,Y) ) is the overlapped volume of two α-carbon atoms, X and Y, separated by a distance d(X,Y). The ball radius was set to 1.8 Å according to our previous study 4 . We have used the Gaussian approach of Good et al. 7 to calculate the difference of two amino acid positions in 3D space (as detailed in eq 2), and hence to calculate the fitness function for our GA.
S AB
Where α is a user-defined coefficient. The GA searched the space of possible protein alignments so as to maximize F AB and then calculated the final inter-protein similarity score, S AB , using eq 1.
Chromosome encoding
The 3D translations and rotations of one protein structure relative to another were each encoded in a chromosome by an 8-bit code, thus allowing each to adopt 256 different values. The rotation angles were allowed to vary between -180˚ and +180˚, giving a resolution of about 1.4˚. The translation resolution was set to 0.2Å, allowing translations between -25.4 Å and +25.6 Å. In this study we used both binary and Gray codes 8 .
Nature of the GA and of the bit-climber
Two popular GA strategies were used in our experiments: an elite generational replacement GA and a steady-state GA 9, 10, 11 , denoted subsequent by GA-r and GA-s, respectively.
There are two genetic operators: mutation and crossover. We used a simple bit-flip mutation at a single position in a chromosome and a simple one-point crossover operator. The chromosomes resulting from each crossover were used for generational replacement in GA-r, whilst only the fitter of the two chromosomes in each case was retained in GA-s.
The relative probability of crossover or mutation was set by the user and the operators were applied to chromosomes selected by conventional roulette wheel selection 11 ; the user also specified the selection pressures (the ratio of the highest fitness score to the average fitness score) that should be used in each run.
For comparison, we have used a bit-climber 12 , a simple hill-climbing algorithm that can be regarded as a simplified GA employing only mutation. The result of a bit-climber (hereafter referred to as BC) depends on the initial chromosome that is used; we hence generated several chromosomes for the initial population, applied the algorithm to all chromosomes and then selected the highest fitness one as the result of the BC.
Experimental details Datasets
Our initial experiments used a set of 27 Protein Data Bank (PDB) structures, containing a total of 44 chains. The dataset included helix-rich, sheet-rich, mixed globular and other proteins, as listed in Table 1 . The later, searching experiments used a dataset of 984 proteins. 
Initial settings
Two protein chains were initialized by calculating their centers of gravity, and then superimposing these at the origin of the XYZ co-ordinate space. The GA was then used to find the best possible overlap volume of the proteins. A characteristic of most GAs 9 is that there are many parameters that can be varied: we have hence carried out an extended series of experiments to obtain appropriate parameter values that can then be used for subsequent testing.
As in our previous study 4 we evaluated the fitness function a total of 2500 times, and then terminated the GA at this point. Thus in GA-s, the program is run for 2500 generations whilst in GA-r and BC the initial chromosome population is set to 10 and the program is run for 250 generations.
The identification of the maximum overlap is strongly dependent on the value of the coefficient α in the fitness function: a small value focuses on long distance interactions while a large value focuses on near-neighbor interactions. In our previous study 4 , based on overlapping entire protein chains, extensive experimentation led us to set the coefficient value to 0.1. In this study, we took account of the helix and sheet conformations and thus expect that the best results will be obtained with a low value for α. An appropriate value was obtained by means of self-recognition experiments on the small dataset with the GA-s method. Here, each protein chain was compared with itself to determine whether it was possible to obtain a self-similarity greater than a user-defined threshold value (which we set to 0.80). The GA-s using Gray code was run with a population size, selection pressure and crossover ratio of 50, 1.1 and 40%, respectively. When the coefficient was set to 0.1, a total of ten successful self-recognitions were obtained, while totals of 19 and 12 successful self-recognitions were obtained when α was set at 0.01 and 0.001, respectively. The remaining experiments hence used a value of 0.01 for this parameter.
Experiments
Following experiments were carried out to characterize various GA and BC methods and found out the best one for the comparison of protein structures using SSEs.
(1) Self-recognition experiments were carried out with the GA-r, GA-s and BC methods, using a similarity threshold of 0.80. GA-r, GA-s and BC using binary and Gray codes are abbreviated hereafter as B-GA-r and G-GA-r, B-GA-s and G-GA-s, and B-BC and G-BC, respectively. In GA-r, 10 initial chromosomes, three different selection pressures (1.1, 1.5 or 2.0) and five different crossover ratios (0, 22, 44, 67 or 89%) were examined.
In GA-s, five different chromosome numbers (10, 50, 100, 150 or 200), three different selection pressures (1.1, 1.5 or 2.0) and six different crossover ratios (0, 20, 40, 60, 80 or 100%) were examined. Each BC was examined using 10 initial chromosomes.
(2) B-GA-r, G-GA-r, B-GA-s, G-GA-s, B-BC and G-BC, with the best parameters for each as determined by above experiments were then compared using similarity scores between three proteins (1ubq, 3blm, 5pep) and all of the protein chains in the small dataset.
(3) Search experiments to the large dataset against three target structures (2ubq, 3blm or 5pep) were carried out using the best three methods. Table 2 shows the results of self-recognition experiments from GA-r. The best results were obtained with G-GA-r using a selection pressure of 1.5 and with 44 or 67% crossover ratios; however, even this best result was very poor, with only five successes and 39 failures. Far better results were obtained from GA-s, as detailed in Table 3 . Here, the best GA (B-GA-s with 1.1 selection pressure, 50 chromosome and 20% crossover ratio) produced 24 successes (and 20 fails). When only 10 chromosomes were in the initial population, then G-GA-s gave better results than B-GA-s but the latter did better when many chromosomes were used (a result that is in line with our previous study). With many chromosomes or with 100% crossover ratio there are very few success because the evolutional probability of each chromosome and each bit of a chromosome is low.
Results and discussion

Self-recognition experiments
Self-recognition experiments with B-BC and G-BC were yielded 40 success (4 fails) and 25 success (19 fails), respectively. We hence conclude that G-BC gave the best self-recognition results over all of the methods that were tested. 
Comparison of similarity scores
The similarity scores of three proteins (1ubq, 3blm, 5pep) with all of the protein chains in the small dataset using B-GA-r, G-GA-r, B-GA-s, G-GA-s, B-BC and G-BC were compared between pairs of methods to see which gave higher ones. The results are detailed in Table 4 which show, for instance, that B-GA-r gave a larger score than G-GA-r in 19 of the comparisons when using 1ubq as the target protein. The relative ordering of the various methods is consistent across the three test proteins; specifically, better scores are obtained in the order B-BC > G-BC > G-GA-s > B-GA-s > G-GA-r > B-GA-r.
It is interesting that the binary code gives better result than the Gray one in BC, whereas the converse applies in GA-r and GA-s.
Both the self-recognition and similarity score comparisons suggest the order BC > GA-s > GA-r but differ as to which coding method should be used: the self-recognition experiments suggest that G-BC is best but the similarity score experiments suggest that B-BC is best.
Similarity searching of the large dataset
The experiments involved searches of the large dataset using the optimal parameterizations of the three best methods, i.e., B-BC, G-BC and G-GA-s. The distributions of similarity scores, in steps of 0.05 similarity units, are shown in Table 5 , where clear differences are observed between the three search methods. Specifically, the two BC methods have many more structures with similarity scores > 0.20, whereas the great bulk of the GA scores are <=0.20; of the two BC methods, B-BC tends to yield very slightly higher similarity scores than does G-BC, suggesting that B-BC is the method of choice for database searching.
Examples of the actual proteins retrieved are listed in Table 6 , which gives the top-10 ranked proteins when 5pep was used as the target structure for the similarity search.
G-GA-s and G-BC mainly retrieve acid proteinases whereas B-BC identifies a wider range of types of protein with small helix and sheet portions. We hence conclude that the Gray code similarity values are lower but may be more discriminating.
Conclusion
Our experiments suggest that the BC is suitable for obtaining similarity scores that take account of secondary structure. Our binary coding scheme was able to identify sets of 3D translations and rotations that gave high similarity scores but that were unable to identify proteins from the same family as target protein.
Conversely, the Gray coding scheme gave somewhat lower similarity scores but was better able to recognize members of the same protein family; the Gray code also performed better in the self-recognition experiments. We hence conclude that a bit-climber based on Gray codes provides an effective way of searching a database of 3D protein structures when secondary structure information is available. Table 5 . Distribution of protein similarity scores for similarity searches using three target structures 1ubq 3blm 5pep
Similarity Score Table 6 . Top-10 proteins from similarity searches using 5pep as the target structure. 
